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ABSTRACT

A prominent issue faced by the education research community is

that of student attrition. While large research efforts have been

devoted to studying course-level attrition, widely referred to as

dropout, less research has been focused on finer-grained assignment-

level attrition commonly observed in K-12 classrooms. This later

instantiation of attrition, referred to in this paper as łstopout,ž is

characterized by students failing to complete their assigned work,

but the cause of such behavior are not often known. This becomes

a large problem for educators and developers of learning platforms

as students who give up on assignments early are missing oppor-

tunities to learn and practice the material which may affect future

performance on related topics; similarly, it is difficult for researchers

to develop, and subsequently difficult for computer-based systems

to deploy interventions aimed at promoting productive persistence

once a student has ceased interaction with the software. This diffi-

culty highlights the importance to understand and identify early

signs of stopout behavior in order to provide aid to students preemp-

tively to promote productive persistence in their learning. While

many cases of student stopout may be attributable to gaps in student

knowledge and indicative of struggle, student attributes such as grit

and persistence may be further affected by other factors. This work

focuses on identifying different forms of stopout behavior in the

context of middle school math by observing student behaviors at

the sub-problem level. We find that students exhibit disproportion-

ate stopout on the first problem of their assignments in comparison

to stopout on subsequent problems, identifying a behavior that we

call łrefusal,ž and use the emerging patterns of student activity to

better understand the potential causes underlying stopout behavior

early in an assignment.
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1 INTRODUCTION

Persistence is an essential factor of student learning as it is impor-

tant for students to have the opportunity to work through problems

and apply deliberate practice, particularly when exhibiting early

struggle when learning new material. The study of this construct

of learning has led to research into such student attributes as grit

[1], perseverance [2], as well as other representations of high stu-

dent persistence such as academic tenacity [3], productive struggle

[4], and productive failure [5]. All of these theories of learning

recognize that persistence is necessary in order for students to

effectively overcome difficulties faced when learning new material.

It is similarly understood that the lack of persistence can deprive

students of the opportunity to effectively learn new and difficult

material which may then propagate to affect the students’ ability to

learn subsequent post-requisite content. It is important, therefore,

to ensure that students are able to take advantage of practice op-

portunities when they will be productive for learning and identify

struggling students early to provide them with the help they need

to succeed.

While not all representations of persistence are productive, such

as the case of wheel spinning behavior (e.g. see [6]), it is often

beneficial for students to exhibit high persistence during early

learning opportunities. In this way, early student attrition becomes

a significant problem for instructors and learning platforms as it is

difficult to develop and deploy learning interventions and provide

aid to students who cease interaction with the course or learning

software. Not all student attrition, however, is exhibited in the same

way and can emerge at varying levels of granularity.

With the emergence of massive open online courses (MOOCs), at-

trition in the form of student dropout has received a large amount of

attention and research. The reasoning for which a student exhibits
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dropout, characterized as ceasing interaction with or explicitly leav-

ing a course, has also been a well-studied problem within MOOCs

[7][8][9][10][11] as such courses often observe high attrition rates.

Although dropout of this nature is not commonly observed in K-12

classrooms, attrition is still a prominent problem within this con-

text and has received significantly less attention and research focus

in previous years. Particularly as more classrooms begin to utilize

computer-based learning platforms to assign classwork and home-

work, supplement instruction, and provide aid to students, there

are new opportunities to study student attrition at fine granular

levels.

In the context of K-12 classrooms, it is common to observe stu-

dent attrition at the assignment-level, where students begin an

assignment but fail or choose not to complete the assigned work.

This behavior, which we call łstopout,ž is distinctly different from

the course-level dropout that is observed in MOOCs as students

likely return to work on subsequent assignments; the student re-

mains in the course, but did not finish the assigned work. Similar to

the study of dropout, the reasoning for stopout behavior is not often

known, but observing the immediate prior action that a student

takes before stopout occurs within a given assignment may help

to provide insight into the cause of the behavior. A student who

exhibits stopout early in an assignment may do so for different

reasons than a student who exhibits the behavior after attempting

several problems, or learning opportunities as they will be referred

in this work.

1.1 Student Refusal

In order to provide sufficient context for the goals and motivation

of the current work, we must first describe a student behavior that

emerged during a previous unpublished analysis of student stopout

on a per-problem level conducted in 2015; this analysis is repeated

here and will be described with greater detail in Section 4.2.

In observing when stopout occurs within student assignments,

what quickly became apparent was that there seemed to be a dis-

proportionate number of students exhibiting stopout on the first

learning opportunity. Assuming that there would be a reasonably

consistent failure rate over each opportunity, we found that student

stopout by opportunity followed an exponential, or more specif-

ically, Weibull distribution as is commonly observed in survival

analyses [12]. However, while most of the data followed this trend,

the number of students exhibiting the behavior on the first op-

portunity was nearly double what would be expected by the fit

exponential curve, as will also be demonstrated by Figure 4 in

Section 4.2.

This behavior, which we call łrefusalž was first used to identify

problematic content within the learning system in which it was

discovered, and is explored further in this work in an effort to better

understand student interactions with the learning platform that

may be indicative of early stopout behavior. The goal of this work

is to explore the student actions associated with stopout and refusal

behavior to better understand the potential causes of assignment-

level student attrition within a computer-based learning platform.

As students who exhibit refusal stop out of their assignments with

little-to-no recorded interactions, it is these students who are ar-

guably most important to identify in order to develop effective

learning interventions to address any potential causes of this un-

productive behavior.

In this research, we conduct a set of fine-grained analyses to

determine the frequency of stopout as it correlates to the to the

estimated knowledge level of each student in conjunction with

the specific actions taken within the system immediately prior to

their stopout. We also then extend these analyses to include the

dataset collected by Lang et al. [13] wherein they study the role

of confidence on student learning using self-report surveys in a

randomized controlled trial.

We seek to show in this paper that:

(1) Student stopout after the first problem can be stochastically

modelled as an exponential decay, but that this model fails

to account for roughly half of the stopout that occurs on the

first problem.

(2) Specific actions (immediately prior to stopout) by students

correlate with different patterns of stopout over time.

(3) High stopout on the first problem correlates to low levels of

self-reported confidence.

2 BACKGROUND

The study of stopout in computer-based systems has largely focused

on MOOCs in recognition of the often large attrition rates experi-

enced by such courses. While the actions available to students in

such courses often makes for feature-rich datasets with which to

study attrition, the dropout behavior exhibited within such systems

tend to observe contextual factors including the attitude of the

student [7], the estimated knowledge level of the student [14] com-

bined with the effort exhibited by the student [9], as well as several

other contextual factors such as technology, time management [15],

and other social factors [10].

Within these, however, it becomes clear that stopout behavior

is not random but is seemingly motivated by more internal fac-

tors than external. The student is ultimately making the choice to

dropout or stopout; many times, this is predictively so [16], sup-

porting the need to further understand why attrition occurs.

The problem of student stopout, however, is more prominent in

K-12 classrooms than that of dropout experienced more in MOOC

settings. In many cases, students choose to enroll in MOOCs, and

can easily dropout due to a host of reasons briefly described above

with little consequence. The problem of stopout in younger students

is much more associated with a lack of persistence or motivation

at an assignment-level rather than at the course-level.

The more general study of student persistence has led to a large

amount of research exploring various aspects of the construct. Con-

notatively, persistence is often associated with positive learning

behaviors, but in reality observes both beneficial and adverse effects

depending on the context of which it is exhibited. It is intuitive that

persistence can be beneficial when paired with productive learning

behaviors, where learning occurs over time by making errors or

receiving help. The productivity of persistence and perseverance is

sometimes described by the construct of łgritž [1].

However, persistence may also be unproductive, as is the case

of łwheel spinningž [6][17]. Wheel spinning describes the case

when students attempt multiple problems but struggle to learn the

material; this is analogous to a car that is stuck in mud or snow
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Figure 1: The flowchart of possible student actions resulting in either quitting (refusal or stopout) or mastery of the assign-

ment.

that łspins its wheelsž but makes little to no progress. In such cases,

stopout is sometimes encouraged as a more productive action, so

long as the student takes such an opportunity to seek help from an

instructor or parent.

In this work, we examine student behaviors that suggest a lack

of persistence, i.e. when students stopout early in the assignment.

While stopout may be encouraged in very select scenarios, as in

the case of wheel spinning, it is generally considered a negative

learning behavior as students lose the opportunity to learn through

additional practice opportunities.

3 DATASET

The dataset used in this work consists of student log data collected

as real students work in ASSISTments [18][19], a web-based learn-

ing platform aimed at supporting teachers and providing students

with immediate correctness feedback on homework and classwork.

The system hosts content across K-12 grade levels and even some

college content, but is focused largely on middle school math con-

tent. Within the system, teachers can use the content provided

by the system or create their own to assign to their students. The

data used in this work is comprised mastery-based assignments,

referred to as łskill buildersž within the system. These skill builders

usually give students isomorphic questions (generated from one or

closely related templates) that have been previously generated, but

randomly presented to the students; templates and questions are

tightly associated in a single skill or sub-skill. Since the problems

that student see are randomly selected from a large pool, we exam-

ine data not per problem, but rather per opportunity - i.e. the first

problem a student sees is opportunity 1, the second is opportunity 2,

etc.

Within the ASSISTments system, after opening a given problem,

students can either submit an answer (and will receive instant

correctness feedback), or they may use a help feature, such as

requesting a hint. Hints (the most common type of help in this

dataset) are usually written as some version of a complete worked

out solution, often broken into pieces; the last hint (colloquially

referred to as the bottom-out hint) gives the answer to the problem.

If a student enters an incorrect answer (or requests a hint), they may

then enter any number of attempts and use as many or as few of the

hints as needed; the student must enter the correct answer before

they are able to proceed to the next question. In order to successfully

complete a Skill Builder, a student must enter the correct answer

on the first attempt, using no help features, three times in a row.

Thus, at any given moment, a student can be said to be in one of

three mutually exclusive conditions: Quit (either refusal or stopout),

Working, or Mastery, as illustrated by Figure 1. The primary dataset

in this analysis was taken from a previous school year; we also used

the dataset from [13], which also comes from a prior academic year.

Thus, when looking at the datasets, students have either attained

mastery or have quit.

As we examine the behavior of students who have quit, we also

note the action taken immediately prior to quitting. In ASSISTments,

there are four possible actions a student may take before quitting

a Skill Builder: they may have Opened an Opportunity (but have

done nothing else), entered a Correct Attempt, entered an Incorrect

Attempt, or made a Help Request. In this analysis, we make no

differentiation of whether the help requested gave an initial step in

the solution or the final answer.

In this paper, we will use the term stopout to refer to any stu-

dent who leaves (and never returns to) an unfinished assignment.

Furthermore, for reasons discussed below, we refer to one specific

type of stopout as refusal - that is, students who quit an assign-

ment having only opened the first problem, without using any hint

features or entering an attempt to answer it.

The data used in this work uses data from the 2016-2017 academic

year and includes information recorded from 3,641 distinct students
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Figure 2: The frequency of student stopout by learning opportunity. Stopout on the first opportunity appears to be dispropor-

tionately larger than subsequent opportunities.

who exhibited stopout on skill builder assignments. Each row of

the dataset corresponds to a single assignment attempted by a

student. As this work is studying only those who exhibited stopout,

students who complete each assignment are not included in the data

or analyses. In an effort to remove cases where the completion of

an assignment may have been optional, only assignments that had

been started by at least 10 students and have an overall completion

rate higher than 75% were considered for the analyses.

A second dataset, described further in Section 4.4, was also used

to observed the relationship between stopout behavior and stu-

dent confidence. This data consists of students interacting with the

ASSISTments learning platform for a randomized controlled trial

studying student confidence [13]. From the dataset used in that

work, we extracted all students from the treatment condition (e.g.

the students who received a confidence survey prior to beginning

their assignment) who exhibited stopout during the assignment;

this excludes any student who stopped out on the initial survey

as well as students who finished the survey but did not begin the

first non-survey problem of the assignment. The resulting dataset

used in this work consists of 438 distinct students who exhibited

stopout.

4 METHODOLOGY

4.1 Characterizing Early Stopout and Refusal

It is important to clarify, before describing our analyses, how we

have defined stopout within the data. In any sense, just as it has been

described in earlier sections, stopout is exhibited when a student be-

gins an assignment and fails or refuses to finish that assignment. It

follows, then, that students who never begin an assignment did not

Figure 3: The exponential curve fit to stopout on the first ten

learning opportunities. The line is a poor fit seemingly due

to stopout on the first item.

exhibit stopout and are therefore not included in our data or analy-

ses1. It is found that when students do stopout, however, it occurs

after four distinct kinds of actions taken in the system. Students

stopout either during a problem, or exhibit stopout after completing

a problem but before progressing to the subsequent problem; in

this later case, the student managed to enter the correct answer, but

stopped out before seeing the next problem. In such a case, we mark

the student as stopping out on the following opportunity. For exam-

ple, if the student enters the correct answer to the first problem, or

opportunity, but does not begin the second problem, that student

is said to have stopped out on the second opportunity as the first

problem was sufficiently completed. When students stopout during

1Although we would have preferred to include these students in our analyses, given
the variety of grading policies of individual teachers we would be unable to determine
how many students were required to complete an assignment, but never even opened
it. We can state for certain how many students opened the assignment and failed to
complete it; we cannot state for certain how many students should have opened the
assignment, but did not.
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Figure 4: The exponential curve fit to stopout on opportuni-

ties 2 through 10, extended to show predicted stopout on the

first problem.

a problem, before entering the correct response, those students

are said to have stopped out on that learning opportunity (e.g. the

student opens the first problem makes an incorrect attempt, or even

no attempt, and then stops out is defined as the student stopping

out on the first opportunity).

In order to better understand the behavior associatedwith stopout

on skill builder assignments, it is important to first understand how

stopout is exhibited independent of students and assignments. As

was introduced in Section 1.1, we can explore this by simply ob-

serving the trends of stopout over all student assignments in the

data. We first observe the distribution of where stopout occurs in

an assignment by plotting the frequency of stopout by opportunity,

as illustrated in Figure 2. Again, as introduced in Section 1.1, it is

clear that there is a large number of students who stopout on the

first, and subsequently the the eleventh opportunities; this observed

spike on the eleventh opportunity can be attributed to students

reaching the łdaily limitž within the system which stops students

who have not completed the assignment by the tenth opportunity,

suggesting that they seek help and return to complete the subse-

quent day (e.g. to help prevent wheel spinning behavior). While the

increased stopout observed on the eleventh opportunity to students

who do not return after reaching the daily limit, no such reasoning

can easily be given to explain the increased stopout observed on

the first opportunity.

While visually it appears that there is disproportionate stopout

on the first item as compared to subsequent opportunities, we first

attempt to show this by exploring the modeling of stopout by op-

portunity. As the distribution appears to fit an exponential decay

function, we fit two such curves to compare the goodness of model

fit. We first fit an exponential curve to opportunities 1 through 10,

as seen in Figure 3. We compare this model to another exponential

curve that uses just opportunities 2 through 10, as seen in Figure 4.

The comparison of these two models shows that there is dispropor-

tionate stopout that occurs on the first item. The R-squared values

confirm this, with the first model exhibiting an R-squared value

of .816 calculated over opportunities 2 through 10, and the second

model exhibiting an R-squared value of .991 calculated over the

same range. The model using just opportunities 2 through 10 fit

an exponential curve nearly perfectly to the real data, illustrating

where the expected stopout on the first opportunity is if it were

to follow the same trend; in this regard, over twice as many stu-

dents stopout on the first item as expected (an estimated 1,371 as

compared to the observed 3,076 students). The observed difference

between the expected and the observed number of students exhibit-

ing stopout on the first learning opportunity is hypothesized to

describe the estimated number of students exhibiting refusal as

introduced in Section 1.1.

It is for this reason that it becomes even more pertinent to un-

derstand what causes so many students to exhibit refusal, as they

stopout before even trying to learn the material. From this alone, it

is unclear if students are exhibiting refusal due to a lack of knowl-

edge or confidence, or if other behaviors are the cause, such as those

associated with frustration or boredom. The analyses described in

the next section, while non-causal, will help to provide insight into

the behaviors associated with student stopout.

4.2 Categorizing Stopout Behavior

While the previous analysis observed stopout across all students,

we further explore the behaviors associated with stopout for each

student assignment. As described, there are several student level

factors that may affect how the behavior is interpreted. For exam-

ple, an estimated higher knowledge student who stops out on the

first item without taking any action is likely to do so for different

reasons than an estimated lower knowledge student with the same

recorded activity; in the first sense, it may be boredom that causes

the student to stop out after determining he/she is already comfort-

able with the material, while the later student may stopout due to

low confidence in their ability to solve. It is likely that students can-

not be dichotomized so cleanly, where a higher knowledge student

stops out due to low confidence, but the analysis presented here

will act as an initial step toward identifying these potential causes.

We use one student-level and 4 action-level covariates to group

students by their last recorded activity before exhibiting stopout

for each assignment. As the same student may stopout on different

assignments for varying reasons, each student-assignment is treated

as a separate sample, with grouping performed at the assignment

level.

At the student-level, we estimate student knowledge based on the

percent of correctly answered items attempted before beginning the

observed assignment. This estimate will help to identify students

who commonly answer problems correctly from those who often

struggle to learn new material. As this covariate exhibits a positive

skew, the value is squared to produce a more normal distribution

representing estimated student knowledge. This transformed prior

percent correct for each student will be used in subsequent analyses

and referred to simply as prior correctness for simplicity.

The action-level covariates used in this work describe the last

action recorded by the system for each student in each assignment.

As all students in the dataset exhibited stopout, this represents

the last activity taken by the student before stopping out of the

assignment. Each action is represented as a binary value, and is

limited to just the last action taken by the student. These actions

are as follows:

• Opened Problem - denoting that the student opened the

problem but made no subsequent action.
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• Correct Attempt - the student entered a correct response to

complete the problem, but did not progress to the subsequent

problem.

• Help Request - the student requested an on-demand hint or

scaffolded question, but made no further attempt to answer

the problem.

• Incorrect Attempt - the student entered a response but the

answer was incorrect.

We group students by their prior correctness and last recorded

action using k-means clustering to gain an understanding of the

different behaviors that emerge associated with student stopout.

Determining the correct value of k in this type of analysis is impor-

tant to the interpretability of the results. We determine this value

using a short grid-search using different values of k between 2 and

15 and observing the variance of within-sum of squares between

the emerging clusters similar to a skree plot used in principal com-

ponent analysis. From this step, a value of 6 is determined to best

partition the data; values 5 and 7 were additionally explored, but did

not lead to large differences in interpretation, further supporting

the usage of 6 groups to summarize the data.

4.3 Stopout Behavior by Opportunity

Once student assignments have been grouped into the 6 clusters

described in the previous section, we can further identify how the

behaviors associated with stopout change with the opportunity. As

we observe differential dropout on the first learning opportunity

as compared with subsequent opportunities, we are hoping to ob-

serve differences in behaviors across learning opportunities to help

explain this phenomenon. By observing how the distribution of the

clusters changes with each learning opportunity, we can gain an

understanding of which behaviors, if any, occur most on the first

opportunity as compared to subsequent opportunities.

We limit our analysis to just the first three learning opportunities.

As the number of students present decreases with each opportunity

due to stopout, the number of students on later opportunities makes

it difficult to make fair comparisons to earlier problems that are

better represented by higher numbers of students. Additionally, as

students know the threshold of completion being three consecutive

correct responses, observing the first three opportunities highlights

those students who exhibit the lowest persistence, stopping out

on or before the earliest problem of which the assignment can be

completed.

The distribution of the clusters is observed, filtering to include

those who stopout on the first, second, and third opportunities and

visualizing how this distribution changes. As fewer students are

available for each opportunity, a proportional distribution is used

by dividing the number of students included in each cluster by the

total number of students who exhibit stopout at each respective

opportunity.

4.4 Observing Student Confidence

Just as is the case with stopout behavior as a whole, refusal likely

occurs as a result of many factors. In this work, however, we focus

on exploring the relationship between two such possible factors

with refusal behavior: lack of knowledge and confidence. As detailed

in the description of our cluster analysis, we use prior correctness

as an indicator of how well the student is expected to know the

material; students who perform well on prior material often exhibit

comparatively high performance on subsequent content as the

student has demonstrated knowledge of foundational material. In

this way, estimated knowledge, or lack thereof, can be explored

amongst students exhibiting stopout and refusal behaviors.

In order to observe the relationship between these behaviors

and confidence, however, we utilize an auxiliary dataset consisting

of students who participated in a randomized controlled trial with

the ASSISTments platform in an earlier academic year [13]. In this

study, students assigned to the experimental condition were asked

to answer a survey item before starting the assignment (and then

subsequently asked again during the assignment, although only

the initial survey was used in this work). Students were shown

an example of the problems that would be seen in the assignment

and asked them to self-report their level of confidence on a 5-point

scale ranging from 0% (not confident at all) to 100% (very confi-

dent). Using the subsequent student data collected from the student

assignments, we apply the clusters developed in Section 4.2 to ob-

serve any significant differences in reported confidence between

each of the clusters. In regard to refusal behavior specifically, we

also compare differences in reported confidence for students who

exhibit stopout on the first opportunity.

5 RESULTS AND DISCUSSION

The resulting 6 clusters of student prior knowledge and last recorded

action is illustrated in Figure 5. Being the only continuous vari-

able, the prior correctness appears to be a distinguishing factor

among the student activity. This measure, being close to normally

distributed after the described transformation, is represented as

a z-scored value across the 6 groups in the figure; cluster 6, for

example, represents the highest knowledge students who stopped

out after an incorrect answer. Again, this figure is the clustering

as performed over the entire dataset independent of the learning

opportunity on which students exhibited stopout. The resulting

clusters further distinguish themselves by the last action taken by

each student, with no cluster found to contain more than one type

of action taken by students.

The number of student assignments that fall within each cluster

is denoted under each column along with the cluster number. From

this, it becomes clear that the majority of students, regardless of

high or low knowledge, stop out at the start of a problem without

taking action as illustrated by clusters 2 and 5. The clusters with

the fewest students, clusters 1 and 3, appear to have the lowest

knowledge students who stop out after a help request and after

a correct response respectively. The remaining groups, clusters 4

and 6, both contain students who exhibit stopout after an incorrect

response, but represent opposing knowledge estimates.

While the clusters themselves seem to offer some interpretation

as to the types of behaviors exhibited by students in the context of

estimated knowledge, the final analysis offers an opportunity to

observe these groupings by opportunity as well. Figure 6 depicts

the results of this comparison, observing the distribution of student

assignments that belong to each cluster by opportunity. Cluster 3

is found to have the fewest overall students proportionally in the

first three opportunities; as this is not the smallest cluster when
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Figure 5: The resulting clusters of student prior correctness and last action pertaining to student stopout.

Figure 6: The proportional distribution of samples within each cluster over the first three learning opportunities.

observing all student assignments, this suggests that this behavior

is exhibited more on later opportunities. It is also the case, due to

our definition of stopout, that no student can stopout on the first

opportunity following a correct response. Aside from this, cluster 1

similarly contains the fewest number of students that also appears

to be less affected by opportunity as no clear trend emerges within

this cluster.

The remaining four clusters, however, do exhibit interesting

trends over the first three opportunities. Clusters 4 and 6 exhibit

increasing numbers of students stopping out following incorrect
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Figure 7: The reported confidence of students within each cluster with associated 95% confidence intervals.

responses, though distinguishable by the estimated knowledge level

of students found within these clusters. Cluster 2 conversely ex-

hibits a decreasing number of high knowledge students exhibiting

stopout at the start of a problem before taking any further action.

Finally, cluster 5 contains a notable trend in that the number of low

knowledge students stopping out on the first item before taking

action is noticeably higher than subsequent opportunities and ex-

hibits no increasing or decreasing trend beyond this point within

the observed opportunities. For this reason, it is likely that the cause

for the disproportionate stopout on the first learning opportunity

is largely due to students within clusters 2 and 5; these, again, are

the students exhibiting refusal by our definition. Furthermore, the

number of students who fall within clusters 2 and 5 on the first

learning opportunity are 1,025 and 954, respectively, which, when

subtracted from the total number of 3,076 students who exhibited

stopout on the first opportunity as illustrated in Figure 2, the re-

sulting 1,097 falls much closer to the expected 1,371 students as

determined by our fit exponential model described in Section 4.1.

We are not attempting to claim, of course, that this simple compar-

ison of sample sizes fully explains the observed disproportionate

stopout exhibited on the first learning opportunity, but the results

of our analyses coupled with these comparisons do suggest that

refusal behavior accounts for a majority of the phenomenon.

It is found, comparing the results of both the clustering analysis

and comparison of cluster distributions across learning opportu-

nities, that the disproportionate stopout tends to occur regardless

of knowledge level, at the beginning of the problem before taking

any action. This problem becomes more perplexing considering the

effort to remove optional assignments using a completion thresh-

old during data collection and filtering. Assuming that at least a

majority of optional assignments and outlier cases are removed

during that cleaning process, the fact that the two largest clusters

Figure 8: The reported confidence of students who stopout

on the first learning opportunity as compared with students

who stopout after the first learning opportunity with asso-

ciated 95% confidence intervals.

are still comprised of those students who stopout without taking

action further stresses the need to understand the definitive causes

of such behavior.

The results of our final analyses are depicted in Figures 7 and 8,

comparing the reported confidence measures of students by both

cluster (Figure 7) and first opportunity versus subsequent opportu-

nities (Figure 8). As the number of students who exhibited stopout
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in this supplementary dataset is significantly less than that observed

in our earlier analyses, the 95% confidence intervals vary greatly. In

observing Figure 7, for example, the majority of intervals overlap

making us unable to claim reliable differences between many of the

clusters. However, two clusters, 2 and 6, do emerge as significantly

different with regard to the level of reported confidence. These two

clusters represent the highest performing students compared to

other clusters and yet exhibit vastly different levels of confidence,

with the lower confident students being those who stopout without

making any action in the problem. It is important to clarify that

this figure includes students who stopout across all opportunities

and not specifically those who stopout on the first opportunity

(e.g. Cluster 2 here is not specifically students exhibiting refusal).

It is also important to recognize that all reports of student confi-

dence are reliably smaller than 0.8 (and several being even lower),

suggesting that a large number of students who exhibited stopout,

unsurprisingly, were not confident in their ability to successfully

complete the assignment.

Figure 8 illustrates a significant difference found between the

reported confidence of students who exhibit stopout on the first

opportunity as compared to students who stopout on subsequent

opportunities. It is important to clarify, however, that this com-

parison includes all students who stopout on the first opportunity

in a single group as opposed to comparing students specifically

exhibiting refusal (i.e. stopping on the first opportunity after taking

no action) as it was found that very few students exhibited refusal

in the supplementary dataset (only 4 students were found). This

is contrary to the proportion that was found in other skill builder

dataset, but may be attributable to the context of the study; we

believe refusal may occur as students realize that they are not con-

fident in their ability to successfully complete the assignment, and

as their confidence is revealed by the survey item, it is likely that

students who would have exhibited refusal simply never began the

assignment and subsequently would not exist in our dataset (as they

saw no learning opportunities of the assignment). Despite this, we

still see a significant difference between students who stopout on

the first opportunity when compared to stopout on subsequent op-

portunities, suggesting that confidence, perhaps even more so than

knowledge (in considering clusters 2 and 6 in Figure 5), is associated

with refusal and early stopout behavior in student assignments.

6 CONTRIBUTIONS AND FUTUREWORK

The current work represents an initial step toward better under-

standing the causes of student stopout in K-12 classrooms by explor-

ing the student actions and attributes associated with such behavior.

With this in mind, this work can act as a foundation for future re-

search aimed at finding more causal links between behavior and

stopout as. A simple approach, as the students do not drop out of

the respective courses, would be to survey students to determine

the reasons for stopping out of an assignment.

There are several limitations to the current work that can be

addressed with further research as well. The first is in the scope

of the behaviors considered for grouping student assignments. In

the analyses presented in this work, only the last action taken

by the student was considered within the clustering. This feature

can be vastly improved by generating more descriptive features of

student activity or even by utilizing earlier information pertain-

ing to each student. Another limitation of the current work is the

lack of contextual information pertaining to each assignment. The

clustering is performed observing only student attributes as it is

believed that this is most important to understand the behaviors

associated with stopout, but understanding how these attributes

interact with assignment-level features, such as the difficulty of

the subject matter, may be helpful to understanding the concept as

well.

Another limitation of the current work is the lack of causality of

our analyses. While it is among the goals of this work to identify

potential causes of stopout and refusal behavior, all analyses con-

ducted are limited to correlation rather than causal claims. Future

work may be able to address this by conducting randomized con-

trolled trials aimed at identifying and deploying interventions to

prevent potential stopout and refusal behaviors.

The contributions of the current work are 3-fold toward un-

derstanding the behaviors and actions associated with student

assignment-level attrition in K-12 classrooms. First, the current

work identified a disproportionate stopout on the first opportu-

nity as compared with subsequent opportunities. While stopout

tends to follow an exponential decay, this does not extend to the

first learning opportunity. This highlights a need to research this

phenomenon further to direct the development of learning inter-

ventions aimed at deterring students from giving up to early or too

easily when faced with difficult content. We show in this work that

a large proportion of this early stopout is likely attributable to a

behavior we have identified as refusal.

The second contribution is in the exploration of student actions

associated with stopout. With the 6 groups of student knowledge-

action interactions that emerged from the analysis, these clusters

form the basis to conduct further research exploring their predictive

power in other aspects of student learning. These groups of students

highlight that low persistence, as defined by student stopout, is not

exhibited in the sameway across all students or even across students

of similar prior knowledge. Furthermore, the actions associated

with stopout behavior are found to change over each learning

opportunity, suggesting that, unsurprisingly, the reason for stopout

is dependent on where the behavior occurs within each assignment.

Finally, it is clear from this work, as well as the work of Lang et al.

[13], that confidence is strongly related to student assignment-level

attrition, perhaps evenmore so than gaps in student knowledge, sup-

porting the need for learning interventions to address this factor to

promote more productive learning practices. This confidence level,

while comparatively low for all students who exhibited stopout in

our analyses, appeared lowest for students who exhibited stopout

behavior on the first learning opportunity. Similarly, the level of

confidence for high knowledge students was divided between two

of the identified clusters of students, suggesting that confidence is

not directly dependent on prior knowledge.
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